The purpose of this study is to explore the volatility and secondary effects in the four Nordic stock exchanges of Norway: Oslo Børs Linked all-share index AXLT Denmark: OMX Copenhagen 20, Sweden: OMX Stockholm 30 and Finland: OMX Helsinki 25. Keeping in mind that there is an ARCH effect in the returns of the four stock exchanges, we move on to the evaluation to the evaluation of models ARCH (q), GARCH (p, q) και GARCH-M (p, q). Evaluating the parameters became possible through the use of the maximum likelihood method using the BHHH algorithm of (Berndt et al., 1974) and the three distributions (normal, t-Student, and the Generalized normal distribution GED). The results of this study indicate model ARMA(0,1)-GARCH-Μ(1,1) with t-student distribution as the appropriate one to describe the returns of the all Nordic stock exchanges except that of Sweden, where model ARMA(0,3)-GARCH-Μ(1,1) describes it best. Lastly, for forecasting the models ARMA(0,1)-GARCH-Μ(1,1) and ARMA(0,3)-GARCH-Μ(1,1) of the current stock exchanges we use both the dynamic and static process. The results of this study indicate that the static process forecasts better than the corresponding dynamic.
Introduction
In recent years the financial world is in a serious instability. Modeling financial series is a complex matter for most economists. This complexity derives not only from the various financial market products (interest rate, exchange rates, reserves etc.) but also from the effect of political incidents. These incidents create volatility in time-series, resulting to the difficulty of creating various stochastic models. Assets evaluation becomes possible using their return, which is conventionally defined as the logarithmic price changes, which is close to the relative price change. This return is depicted as follows:
where R t is a financial asset with value X t at time t and X t -1 at time t-1. The return is scale-free, which facilitates comparisons between assets.
The theory of option pricing is an important topic in the financial literature. The Black, and Scholes (1973) study was the beginning of the European-style purchase options. Consequently it was discovered that the prices of Black and Scholes models differ from the market prices, therefore the literature for evaluating the purchase options formulated a series of theoretical models designed to capture these empirical biases. Various empirical studies related to the price dynamics of current assets, indicated that the assets features in time is the volatility, the non-normality and leverage effect, thus, they should be taken into consideration in financial data. Therefore the various models and developed techniques should incorporate some or all of the above properties.
As previously stated volatility clustering has been used instead of a constant variable in volatility functions depended on the asset value and time. Furthermore time-series are regarded as a stochastic process which can be analysed in two elements:
u t = ζε t (3) Where m t is a predictable process, and u t is a nondeterministic process driven by a random noise ε t is iid with zero mean value and variance one.
GARCH symmetrical models cannot define asymmetry and leptokurtosis in financial data. For this particular reason the GARCH-in-mean model is used in this study, which adds a heteroscedastic term in the equation mean which is determined as a risk premium and incorporates a type of assymetry.
The research on the return and volatility of the Nordic stock markets was carried out for the following reasons:

There is a strong financial cooperation between those countries.
The monetary and tax systems of the researched markets are similar and a close association exists between these countries.  These four Nordic countries have similar industries, therefore their stock markets display a strong correlation.
 They have common trade partners.
 Their stock markets opening and working times coincide.
This research differs from past ones which researched the Nordic market for the following reasons:
1) The past studies of researching volatility and the relationship between the Nordic markets used data from 1988 to 1994 Booth et al. (1997 , while Hyytinen (1999) used weekly data and only for three markets (Finnish, Norwegian and Swedish market) from 1983 to 1997. The expansion of data in this study and the conclusions analysis are important for investors who want to diversify their portfolios.
2) The results of this study indicate that every one of these markets are described better from model ARMA(0,1)-GARCH-Μ(1,1) with t-Student distribution, unlike Booth's et al. (1997) study which uses the EGARCH asymmetric model, and Hyytinen's (1999) which uses the TGARCH asymmetric model for Sweden and GARCH symmetric models for Finland and Norway.
3) Furthermore, the results of this study agree with those of Booth's et al. (1997) that the volatility in the four markets indicate that ill news are stronger than good news. The research on the returns and the volatility of secondary effects in the Nordic markets dictate the enactment of a common Nordic stock market, to create the fourth bigger stock market in Europe after the ones of London, Paris and Frankfurt.
In this paper a short introduction of financial return is presented in section 1. The rest of this paper is as follows: section 2 contains the literature review, section 3 presents the methodological analysis, section 4 describes the data and the descriptive statistics, in section 5 the empirical results of this study are given, while in section 6 the forecasting results are presented. Last but not least, in section 7 the conclusions of this study are given.
Literature Review
Time-series performance analysis has troubled financial researchers in recent years. One of the first evaluation tries was conducted from Eun and Shim (1989) when they researched the daily returns of the Australia, Hong Kong, Japan, France, Canada, Switzerland, Germany, the United States and Britain stock exchanges. The results of their study indicated that there are substantial interdependencies among these markets, most of which are with the U.S. stock market. European and Asian stock exchange dependencies are strong but with one day delay. Hamao, et al. (1990) used daily data from April 1985 to March 1988 from three stock indexes, Nikkei 225 of the Japan stock exchange, FTSE of the Great Britain stock exchange and S & P 500 of the U.S.A. stock exchange. Using model GARCH-M(1,1) they resulted that Nikkei 225 is influenced both from S & P 500 and FTSE, while FTSE is influenced only from S & P 500. Booth et al. (1997) in their study used a multivariate exponential generalized autoregressive conditionally heteroscedastic (EGARCH) model to research the interaction of the four Scandinavic stock markets in period May 2 nd 1988 to June 30 th 1994. The results of their study indicate that volatility in the asymmetric model used is being more pronounced for bad than good news. Hyytinen (1999) studies the development of conditional volatility of returns in three Scandinavian countries (Finland, Norway and Sweden) using weekly data from 1983-1997. The results of the paper shown that the asymmetric EGARCH model is most suitable for Sweden's data whereas the symmetric model GARCH (1,1) is more preferable for the other two countries. Ng (2000) examined the magnitude and changing nature of volatility spillovers from Japan and the US to six ijef.ccsenet.org Lee (2004) in his study researches the transition mechanism of the stock market return via wavelet analysis. He used the wavelet analysis instead of CARCH models, claiming that his analysis researches the potential and possible interactions of international stock markets. Using daily data from the USA and Korean stock exchange he resulted that developed markets volatility one-way influence the developing ones.
Trang Nha Le and Makoto Kakinaka (2010) researched volatility and secondary effects in three major stock markets, such as these of Japan, USA and China, as well as two emerging ones of Indonesia and Malaysia from the years 2005 to 2007. Using CARCH models they found that there are significant mean spillover effects from the three major markets to the two emerging markets. Furthermore they found that the size of the USA stock market influence upon the emerging ones is greater than those of Japan and China. Lastly, the results of their study indicated that the USA stock market influence upon the Indonesian market is greater than in the Malaysian.
Prashant (2014) researched the return and volatility among the indexes BSE and DJIA of India and US Stock Markets respectively. To do this he used model GARCH-BEKK from January 2, 2012 to April 4, 2014. His study results indicated that DJIA index exercises more influence on BSE in terms of shocks and volatility transmission . Furthermore, he proved that total volatility is greater in the USA stock exchange. Thenmozh and Chand (2016) in their study showed that forecasting returns based on global reserves attributed better in day trading both in emerging and major markets. Forecasting the returns, the researchers used vector regression for six stock markets, namely those of USA (Dow Jones, S&P500), UK (FTSE-100), India (NSE), Singapore (SGX), Hong Kong (Hang Seng) and China (Shanghai stock exchange) for the period 1999-2011. The empirical analysis shows that models with other global market price information outperform forecast models based merely on auto-regressive past lags and technical indicators.
Methodology
Uncertainty plays an essential role in economic analysis and is usually measured with volatility. There are time-series, mainly financial, who display periods of mass volatility. These time-series experience periods with dramatic increases and decreases, during which their variance is varying over time. Therefore, researchers can test the variance of this particular time-series in the varying period, namely the conditional variance. Hence, we can describe the time-series models with conditional variance as conditional heteroscedastic models. Engle (1982) suggested that the varying variance can be described through an autoregressive model depending on its former values. Specifically this model is described as Autoregressive Conditional Heteroscedastic Model, known as ARCH model.
Therefore, based on a structured model, variance can be measured and forecasted. Variance forecasting is crucial to pricing and risk management. In various studies, several variance models have been suggested to be able to include the features of financial time-series efficiency or an asset. The features of an asset's efficiency that researchers acknowledge are as follows:
 The variance of an asset develops with time, in a constant way.
 Periods of great movement in prices, alternate with periods where prices don't move. This feature is known as volatility clustering.

The variance of an asset does not tend to infinity.
There is an asymmetric movement in variance.
 Usually, extreme kurtosis or fat-tailedness is observed in variance.
ARCH-GARCH Varying Models
ARCH-GARCH varying models are consisted of two equations. The first one (mean equation) describes the data over another variable (if present) adding the standard error. The second one (covariance equation) define the evolution of conditional covariance of the error, from the mean equation as a variance of the past conditional covariance of the lagged error.
The mean equation in ARCH -GARCH models is depicted as:
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The error term εt in a simple mean equation is linear unrelated, but not time-independent.
Covariance equation in ARCH -GARCH models is depicted as:
The non-linear dependency that the error term εt depicts can be described through the use of squared lagged errors Parameters ω, α 1 , α 2 ,...,α q are unknown and because covariance is a positive number, meaning that the positive terms are in place, where ω>0 and α 1 ,α 2 ,…,α q ≥ 0.
We hypothesize that, for p≥0 and q>0, the parameters are unknown and because of covariance being a positive number the following conditions are in place ω≥0 and α i ≥0 for i=1,…,q and β i ≥0 for j=1,…,p ARCH(1,1) model is depicted as:
where ω≥0 and α i ≥0 for the positive number of σ t 2 GARCH(1,1) model is depicted as:
where ω≥0, α i ≥0 and β i ≥0 for the positive number of σ t 2
ARCH-GARCH Models Features
ARCH -CARCH model according to Engle(1982) is based on the two following hypothesis:

The error term ε t in a simple mean equation (y t =μ t + ε t ) is linear unrelated, but not time-independent.
The non-linear dependency that the error term ε t depicts can be described through the use of squared lagged errors
ARCH-GARCH Models Test and Evaluation
Evaluation of ARCH-GARCH models is possible through the use of maximum likelihood method. The logged equation of maximum likelihood is depicted as:
(10) where θ is the vector of parameters (μ, ω, α, β) estimated that maximize the objective function lnL(θ), z t represents the standardized residual calculated as (Δy t -μ) /√ 2 .
Diagnostic Checking of the Model ARCH-GARCH
There are plenty diagnostic tests for the analysis of ARCH-GARCH modeling. The residual correlogram is used to test the residual autocorrelation, while the squared residual correlogram is used to test the autocorrelation of the conditional heteroscedasticity of residuals. To define if the time-series presents autocorrelation or heteroscedasticity we use the Ljung and Box (Q-statistics) (1978) . This statistics are depicted as:
e k is the residual autocorrelation in lag k. n is the residual number.
m is the time-lags number tested.
The model is appropriate when the probability of Ljung and Box Q-statistics is higher than 5%. Engle, Lilien, and Robins (1987) , build on the ARCH(q) methodology for the purpose of conditional covariance influencing the mean order. In other words we could say that Engle, Lilien, and Robins (1987) restructured the conditional variance model in order that the mean of a sequence to be depended on the conditional covariance. These models are named ARCH-M and are adequately adjusted to the study of the return of financial products. 
The GARCH-M Model
where:
μ is the conditional mean of the stock market return in time t. ζ 2 t is the conditional covariance that reflects the risk premium. ω is a constant term. ε t is the error term in time t.
μ, δ, ω, α i and β j are parameters for evaluation. In this study the model GARCH-M (1,1) is used, considering the study of Bollerslev (1986) , where he claims that the length of the time lag of the squared error and the conditional variance is enough for the stock market return model. 
Forecasting Performance
ARCH-GARCH models are used for forecasting the variance return. Forecasting in ARCH-GARCH models is estimated both in-sample, and out-of-sample. The best forecasting price is given from the mean squared error. Furthermore, other indexes that are usually used for forecast return are the Mean Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE) and the inequality index of Theil (U-Theil) (1967).
These indexes are depicted as follows:
the inequality index of Theil is given as:
Y t : Actual value of endogenous variable Y at time t. ̂: Redacted value of endogenous variable Y at time t.
T: Number of observations in the simulations (of the sample).
If the inequality index of Theil U=0, then the actual prices of the time-series, would equal the predicted ones Y t = Y t for all t, therefore in this case we can say that there is a "perfect fit" between actual and predicted data. Otherwise if variable U=1, there is no right forecast for the studied model. Consequently the individual indexes of Theil are presented, known as inequality proportions, and are depicted as:  Bias proportion: indicates the systematic differences in actual and forecasted values.
where: ̅ and ̅ are the time-series mean of Y t and Y t correspondingly. Bias proportion counts the distance between the mean of the simulated series and the mean of the actual one.

Variance proportion: indicates unequal variances of actual and forecasted values. 
ρ is the correlation variable between ̂ and Y t . Covariance proportion counts the balance of the non-systematic error of simulation.
The forecasting ability of a model is sufficient, when the bias and covariance proportions are low.
The relationship between the above proportions is:
UM+US+UC=1
(24)
Data and Descriptive Statistics
The data for this study was collected from the websites www. The daily return of stock markets is calculated as:
R t = ln(X t /X t-1 ) * 100 = (lnX t -lnX t-1 )*100
(25) where, X t is the daily closing price of stock market at time t, R t is the daily return of stock market. 2. The numbers within parentheses followed by ADF statistics represent the lag length of the dependent variable used to obtain white noise residuals. 3. The lag lengths for ADF equation were selected using Schwarz Information Criterion (SIC). 4. Mackinnon (1996) critical value for rejection of hypothesis of unit root applied. 5. The numbers within brackets followed by PP statistics represent the bandwidth selected based on Newey West (1994) method using Bartlett Kernel. 6. C=Constant, T=Trend..
After the stationarity detection with tests Dickey-Fuller (1979 , 1981 and Phillips-Perron (1988) of all time-series we can define the form of model ARMA (p, q) from the correlogram of Table 1 . Parameters p and q can be defined from the partial autocorrelation and correlation variable, correspondingly, comparing them with the critical value ±2 / √ = ±2 / √8347 = ±0.022 for the Norwegian stock exchange, ±0.028 for the Danish stock exchange, ±0.023 for the Swedish stock exchange and ±0.032 for the Finnish stock exchange.
Therefore for Norway and Finland p value will be 0<p <1 and q value will be 0<q<1, for Denmark p value will be 0<p<2 and q value will be 0<q<2 and lastly for Sweden p value will be 0<p<3 and q value will be 0<q<3. Consequently we can create Table 5 as such: The results from Table 5 indicate that according to the criteria of Akaike (AIC), Schwartz (SIC) and Hannan-Quinn (HQ) model ARΙMA (0,0,1) is the fittest for the Norwegian, Finnish and Danish stock while model ARΙMA (0,0,3) for the Swedish one. After the model estimation we test the existence of conditional heteroscedasticity (ARCH(q) test), from the squared residuals of the last model. Table 7 presents us with the results. Table 7 . ARCH(q) effect test Table 7 results indicate that the autocorrelation and partial autocorrelation variables are statistically significant. Therefore the null hypothesis for the absence of ARCH or GARCH effect is rejected.
Empirical Results
Keeping in mind that the ARCH effect exists in the returns of the stock markets of Norway, Denmark, Sweden and Finland we can move on to the evaluation of the models ARCH(q), GARCH(p, q) and GARCH-M(p, q). The parameters are evaluated with the BHHH algorithm (Berndt et al., 1974) . The evaluation of models ARCH-GARCH-GARCH-M is presented in Tables 8a, 8b , 8c and 8d using three distributions for every country.
ijef The last tables presented us the evaluations and the standard errors for the parameters with the value of log-likelihood function, as well as the tests of normality, autocorrelation and conditional heteroscedasticity. The result of each table revealed the statistical significance of coefficients, in every country, model and distribution. Also, no autocorrelation or conditional heteroscedasticity issue is found. Furthermore, models ARMA(0,1)-GARCH-Μ(1,1) models, and model ARMA(0,3)-GARCH-Μ(1,1) in case of Sweden, are the ones with the max Log Likelihood value using the t-Student distribution. Therefore, these models can be used for forecasting.
Forecasting
In forecasting the Nordic stock markets using the models ARMA(0,1)-GARCH-Μ(1,1) and ARMA(0,3)-GARCH-Μ(1,1) we applied both the dynamic and static process. The dynamic process forecasts the time periods after the first time period of the sample, using the last forecast values from the lags of the dependent variable and the ARMA terms. This process is known as n-step ahead forecasts. The static process uses real, and not forecasted values, of the dependent variable. This process is known as one step-ahead forecast.
In Figures 3, 4 , 5 and 5 we present the criterions of the evaluation of stock markets forecasting using the dynamic and static process, respectively. Based on the diagrams above we observe that static process gives better results than the dynamic one in each of the researched stock market (Theil index is lower in static process). But the fact that the Theil index is close to number one indicates that there is no appropriate forecast for the researched model.
Discussion and Conclusion
This study aims at modeling the volatility and the secondary effects at the four Nordic stock exchanges. The results indicated that each of the markets is well described by an ARMA(0,1)-GARCH-M(1,1) model except that of Sweden which model ARMA(0,3)-GARCH-M(1,1) describes it best. Each market's returns and volatilities are strongly dependent on their own past values. Linear dependence is probably due to the presence of a time-varying risk premium or in a form of market ineffectiveness. Volatility in each one indicated that the ill news is stronger than good news. Research of volatility and returns of each market, is motivated by the ongoing discussion related to the enactment of common Nordic stock market among Nordic countries. This merging will create the fourth biggest stock exchange market in Europe, after London, Paris and Frankfurt.
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